In this paper we study the role of the distribution platform as an important determinant of price of paid apps. We also examine how the distribution platform influences the price implications of important developers' app-level decisions. To these purposes, we construct a hierarchical model of price formation by using an ad-hoc panel dataset consisting of top paid apps from the two major app stores, namely Apple's App Store and Google Play. Our findings show that prices of paid apps strongly depend on the platform where the apps are marketed. Specifically, the App Store is associated with lower prices for paid apps than Google Play. We find evidence that this is because the impact of cross-store differences in developer competition prevails over the impact of cross-store differences in average consumer willingness to pay. We also find that the price premiums as a return to trialability are more likely to emerge in Google Play than in the App Store, and that developers are more likely to adopt a penetration price policy in Google Play, thus implying an influence of the distribution platform on the price implications of these app-level decisions. Finally, our evidence does not confirm the argument that a more marked price reduction for paid apps embedding ads or generating revenues from other interested third parties should be observed in Google Play.
Introduction
In the very last few years, mobile software applications (apps, hereafter) have become important components of people's everyday life. As a matter of fact, the time per day spent by US consumers using apps increased by 35% in 2012, and was higher than the time spent on the web and quite close to that spent watching TV [32] . Also, recent estimates suggest that the revenue generated from customers buying and downloading apps for smartphones and tablets will step from $26 billion in 2013 up to $77 billion in 2017, whereas the number of downloads will increase from 102 billion to 268 billion [25, 41] . Although apps for mobile devices have been around since the late 90s, the app market started soaring in 2008 when Apple introduced the application store distribution paradigm. An application store is essentially an online distribution platform from which users can download apps developed by third parties for mobile devices and operating systems (OS) supported by the platform. Nowadays two app stores undoubtedly dominate the scene accounting for almost 90% of global app downloads: Apple's App Store and Google Play [25] .
While the rapid growth of the app market offers numerous business opportunities to a multitude of app developers, it also provides a great opportunity for researchers to examine various theoretical issues like innovation, entry and exit strategies, platform leadership, externalities, and marketing mix [7] . Initial studies have mostly concentrated on app demand estimation and the factors driving such demand across major app stores [11, 24, 26] or the determinants of app success [33, 34] . In this paper, we instead focus on the role of the distribution platform in price formation of paid apps. Paid apps accounted for 75% of the revenue of app stores worldwide in 2013 and are expected to play a prominent role also in the future [41] . In addition, industry figures document that price levels of paid apps change significantly across stores, suggesting that pricing decisions could depend on the distribution platform [10] .
Therefore, from a practical perspective, enhancing the understanding about the impact of the distribution platform in price formation of paid apps is clearly important to developers who have adopted the paid app business model, as it can help them fine-tune their pricing decisions to the chosen targeted platform. From a theoretical perspective, elucidating the rationale behind the potential emergence of differences in price levels across different online platforms is also particularly relevant for the literature on online price formation. In fact, although price formation across online retailers has been extensively studied in the past decade in the electronic commerce literature [6, 9, [13] [14] [15] 27, 37, 40, 55] , the insights derived from these studies might not necessarily apply to app stores. Indeed, there exist two fundamental differences, which distinguish app stores from traditional online retailers and thus motivate our study on the role of the distribution platform in the app market.
First, online stores examined by previous studies are pure merchants who purchase from producers and resell to customers by charging a retail price based on the wholesale price set by upstream firms [28, 29] . For this reason, the differences in price levels across stores documented by prior works are mostly explained by the different pricing and service policies experimented by online retailers, thus implying the existence of a significant store effect in online price formation [6, 15, 16, 59] . Conversely, such practices are unlikely to be the sources of price differences across stores in the context of apps. This is because the prices to final customers are set directly by developers, who then share the revenue from each unit sold with the platform owner according to a fixed sharing rule, common to all major stores.
A second crucial difference lies in the unique relationship between the mobile OS/device market and the app market. Once consumers choose their favorite OS/mobile device (e.g., Apple or Android), they are locked in by this decision, as they rely exclusively on the sponsored platform to source their apps. 1 This implies that the customer base in a given platform strictly depends on the customer base of the associated product, i.e., the mobile device and the relative OS. Different mobile device makers and/or OS providers naturally target different segments based on their product quality and marketing capabilities. In particular, with regard to the two major mobile device ecosystems, there exist several important differences between consumers accessing the App Store and those populating Google Play. Specifically, Apple targets exclusively the (loyal) high-end of the market, whereas the sales of Android devices are mostly fueled by low-end segments of the market [3, 4, 17, 18, 26, 30] . Moreover, Apple users tend to be heavier and less tech-savvy mobile users than Android users [17, 26, 30] As explained later, these differences imply that app developers face significantly different consumer segments in terms of willingness to pay across different platforms [3, 4, 17, 18, 26, 30] , while this is unlikely to be the case in traditional online stores. This is because in the latter stores consumers are not forced to bear any exclusive relationship with the distribution channel, as there is no associated product and/or platform technology locking them in. Thus, the heterogeneity in the willingness to pay of consumers buying the same item (e.g., the same electronic device brand) across two traditional online retailers, e.g., Amazon.com and Newegg.com, is much lower than in the case of consumers buying the same app in App Store and Google Play. This particular feature of the app market implies that, differently from online retailers studied in previous literature, app stores can be viewed as distinct markets where developers might be required to set different prices, even for the very same item. Therefore, the role of the distribution platform in price formation of paid apps should stem from driving forces that are different from those highlighted in previous studies, and thus, need to be unraveled.
Our paper aims at filling this important gap by investigating the role of the distribution platform as an important determinant of price of paid apps. In particular, we aim at answering the following research questions, which have never been examined before: 1) Does the distribution platform where paid apps are marketed have a direct influence on their price formation? 2) Does the distribution platform chosen for paid apps influence the price implications of certain important app-level decisions?
Therefore, the scope of this paper is to shed light on whether and how the distribution platform matters in price formation of paid apps, both via its direct influence on prices and via its moderating role of the relationships between certain important app-level decisions and app prices. To provide an answer to the above questions we compare prices of top (i.e., most downloaded) paid apps from the two most important distribution platforms, i.e., Apple's App Store and Google Play, and construct a hierarchical model of app price formation, taking into account potential non-random selection issues by means of the propensity score matching (PSM) method [50] .
In detail, our contribution is twofold. With regard to the first question, we explain that the distribution platform has a direct impact on prices emerging from two contrasting store-level forces. On the one hand, the higher average willingness to pay of consumers in the App Store, as implied by their higher levels of income and app usage and lower levels of technology consciousness, favors higher prices for paid apps in this store. On the other hand, the lower in-store developer competition favors higher prices for paid apps in Google Play, in light of the lower willingness to pay of consumers and the higher app customization costs, which make this store less attractive to developers. Results from our sample show that Google Play is associated with higher prices for paid apps, suggesting that the effect of competition is dominant. With regard to the second question, we argue and find that the distribution platform can also influence the relationships between important app-level decisions and price of paid apps. Specifically, we find that the positive effect of offering a free trial version on the price of the full paid version is more likely to emerge in Google Play, as consumers with lower willingness to pay are more sensitive to the uncertainty surrounding the app value. We also find that, differently from the App Store, the lower willingness to pay of consumers in Google Play limits developers' ability to resort to price skimming, and leads them to adopt a penetration price strategy when launching new apps. However, we do not find support for our hypothesis that the distribution platform influences the effect of the presence of alternative app revenue streams generated from advertisers or other interested third parties on the app price.
The remainder of this paper is organized as follows. In Section 2, we present our theoretical arguments and discuss the related hypotheses. In Section 3, we describe the data, the variables and the methods utilized in this paper. In Section 4, we present our empirical findings and discuss their implications. In Section 5, we discuss some robustness checks. Finally, we conclude in Section 6.
Theory and hypotheses
The central tenet of our arguments is that the distribution platform matters for price formation of paid apps in two ways. First, the chosen distribution platform -App Store vs. Google Play -has a direct impact on the price of a paid app, ensuing from several characteristics that lead to two contrasting store-level forces, i.e., cross-store differences in consumer willingness to pay and in the level of in-store developer competition. Second, the distribution platform also impacts prices indirectly, by influencing the price implications of three important developers' decisions at the app level.
The main effect of the distribution platform on price of paid apps
In our view, the impact of the distribution platform on price levels of paid apps may arise as a result of several relevant differences existing between the two major platforms. First, industry studies suggest that Apple's customer base can count on higher average income than Android-based devices' customer base [3, 4, 17, 18, 26, 30] . Second, these studies further show that Apple consumers tend to be heavier mobile users (they spend more time on their apps) and enthusiastic early adopters of new mobile technologies [17, 30] . Therefore, Apple consumers have on average more money to spend on their apps and also a greater need to improve their smartphones' functionalities and consumption experience. Third, it is recognized that Android users tend to be relatively more tech-savvy than Apple users as they are more associated with technical and computer-related jobs and they follow technology news more frequently [26, 30] . Because of their knowledge, they tend to be more cautious and far-sighted in their purchases (for instance by comparing more alternatives), as compared with Apple users, who are instead more addicted consumers [30] . These characteristics unambiguously suggest that Apple users tend to be more prone to spend their money on apps, and thus have higher average willingness to pay than users of Google Play [3, 4, 17, 18, 26, 30] . In turn, this should play in favor of higher prices for paid apps in the App Store.
However, a further important difference between the two platforms is that Android OS is released under an open source license, as opposed to Apple iOS, which runs only for Apple devices. This means that Android is a more flexible system which runs on multiple devices (and target more heterogeneous customer base), but also implies the existence of greater device fragmentation and thus higher development costs, due to the need for developers in Google Play to customize apps for different smartphones to fully exploit this flexibility and reach a plethora of consumers [1, 22] . Since development costs are fixed costs, they do not have a direct impact on price. Yet, according to the industrial organization literature [54] , they may still have an indirect influence on price by affecting the level of competition. Indeed, higher development costs work as a stronger barrier to deter developers' entries in the platform. In turn, this plays in favor of milder levels of competition in Google Play because a lower number of developers will actually prefer to enter and compete in this market. Cross-store differences in the level of developer competition are further amplified by the aforementioned different willingness to pay of consumers populating the two stores. Indeed, developers are more stimulated to enter and compete in the App Store than in Google Play because they can potentially extract higher value from consumers with higher willingness to pay [46] . 2 Industry figures corroborate the presence of a higher level of competition in the App Store, suggesting that developers in the App Store are almost twice as those in Google Play [38] . Such difference becomes even stronger when considering only paid apps. In fact, a larger number of developers prefer selling paid apps in the App Store [57] . As a result, the higher competition in the App Store should drive lower prices for paid apps in this store as compared with Google Play.
Summing up, the distribution platform should have an impact on the prices of paid apps, as a result of the store-related factors discussed above. On the one hand, the App Store should be associated with higher prices for paid apps than Google Play, because consumers accessing the former store tend to be wealthier, more app-addicted and less techsavvy, and thus they are on average more willing to pay for apps. On the other hand, Google Play should be the platform associated with higher prices for paid apps, as this store attracts less competition in light of the lower willingness to pay of its customers and the higher app customization costs. As there is no theoretical argument a priori to anticipate which of the two effects actually prevails, we formulate two alternative hypotheses on the overall net effect of the distribution platform, as follows:
H1a. App Store is associated with higher prices than Google Play for paid apps, due to the higher average consumer willingness to pay.
H1b. App Store is associated with lower prices than Google Play for paid apps, due to the higher level of in-store developer competition.
2.2.
The role of the distribution platform in the effect of developer decisions at the app level on paid app price
In this section, we explain that the distribution platform can play a role in price formation of paid apps also by influencing the impact of three important developers' decisions at the app level -i.e., offering a free trial version, adopting alternative revenue streams (e.g., revenue from advertising), and choosing an introductory pricing scheme for new products -on the price of paid apps. Indeed, while the price implications of these app-level decisions have been extensively studied for information goods [20, 23, 36, 51] , little attention has been devoted to understand whether and how these implications depend on the choice of the online distribution channel. More specifically, we argue that in the app market, it is important from a pricing perspective for the chosen app-level decision to be made by taking into account the distribution platform where the paid app is marketed. In particular, the characteristics of the consumer segments developers inherit from the associated device makers and/or OS providers should be considered.
2.2.1. The role of the distribution platform in the price effect of a free trial version release
In general, trialability measures the extent to which potential adopters perceive that they have an opportunity to experiment with an innovation prior to committing to its usage [2, 43, 49] . Through a trial version users can test the product and resolve the uncertainty about its real value to them [56] . Also, trialability can serve to signal product quality as the knowledge that a product is available in a free trial version represents some sort of guarantee to customers. For these reasons, consumers generally pay higher price if given the opportunity to test the product before buying, consistent with the idea that they place value on reduced uncertainty surrounding the product [23] .
Developers often release a free trial version associated with the paid version of their apps in both the App Store and Google Play. Our argument is that the price implications of offering a free trial version depend on the distribution platform where the paid app is marketed. We point out that consumers with different willingness to pay may have a different perception about the uncertainty surrounding the value of an app, and thus they could react differently to price strategies of developers. Consumers with more limited willingness to pay (e.g., because of the limited budget or the lower need to use apps) could perceive higher risk in buying an app of unknown value, despite the rather small price. This is because, as compared with consumers characterized by higher willingness to pay, they are more likely to realize a negative surplus when the wrong app is purchased. Moreover, for consumers with lower willingness to pay, a wrong purchase may also be more likely to preclude the opportunity to substitute the wrong app with a better alternative, given that this would require spending additional money and thus would more likely lead to a negative surplus. Therefore, the release of a free trial version able to reduce the uncertainty surrounding the app value should provide higher benefits to consumers who are in general less willing to pay. Since, higher price premiums for the full paid version are gained as a return to trialability [23] , our argument implies that consumers who are in general less willing to pay should be more likely to recognize such price premiums for the full paid version to the developers that help them resolve product uncertainty by releasing a free trial version. In other words, the positive impact of the free trial release on the price of the full paid version is more likely to emerge when selling to consumers characterized by a lower willingness to pay because of the higher risks they perceive in buying an app of unknown value. As industry evidence has clearly shown that consumers have more limited willingness to pay in Google Play than in the App Store, the above considerations suggest that the positive effect of trialability on the price of the full paid version is more likely to be observed in the former store. Hence, we formulate the following hypothesis:
H2. The positive effect of trialability on the price of paid apps depends on the distribution platform. In particular, such an effect is more likely to emerge in Google Play.
2.2.2.
The role of the distribution platform in the price effect of in-app advertising and other revenue streams A considerable number of developers of paid apps seek to monetize not only from the price consumers pay to download apps, but also from enabling advertisements inside apps. For instance, several paid game apps, among others, contain third parties' ads (although with minor intensity as compared with free apps). Apps displaying ads can attract consumers who are interested in using the app on one side, and advertisers interested in advertising their products to users within the app on the other side. Third parties interested in app users are not limited to advertisers. Indeed, developers of apps such as social networking applications pursue the strategy of building a large user base to attract, in addition to app users, firms interested in consumer information for commercial purposes (referred to as info seekers). In this case, developers, e.g., WhatsApp Inc., may also earn from selling non-personally identifiable information [58] .
The interest of third parties in advertising their products inside the app (or in acquiring app user information) naturally increases with the number of consumers utilizing the app because their audience (or the base of information) becomes larger. That is, app users exert large positive cross-side externalities on third parties. In this case a profitable pricing strategy would imply to target aggressively, i.e., subsidize, the side of users (the app users in our case) who are able to exert a larger positive externality on other side (e.g., advertisers), and monetize from the latter [45, 48, 35] . As a consequence, we should observe that, ceteris paribus, paid apps generating revenue streams from third parties interested in app users (e.g., ads-supported apps), have lower prices than those that do not exhibit such characteristic. This is because developers would subsidy app users to take advantage from the fact that a large user base will attract third parties (such as advertisers or info seekers) from which to monetize. In contrast, developers of apps that do not rely on these alternative revenue streams do not have such an incentive to reduce the price to users given that they cannot monetize from interested third parties.
We examine whether the effect of the presence of in-app advertising or other revenue streams generated from third parties interested in app users (e.g., info seekers) hinges upon the chosen distribution platform. Our argument is that the magnitude of the price reduction necessary to attract a sufficiently large user base heavily depends on the type of consumers buying that app. Indeed, the extent of the price reduction also depends on the price sensitiveness of the consumers receiving such reduction. That is, larger price reductions should be offered when these consumers are more price-sensitive, and thus less willing to pay [21, 45, 48] . As app stores feature significantly different consumers in terms of willingness to pay on average, this argument suggests that when a developer decides to monetize from in-app advertising or other revenue streams generated from third parties interested in app users, the price implications of such decisions should differ across app stores. In particular, we should expect larger price reductions, if any, for consumers in Google Play than in the App Store, given the lower consumer willingness to pay in the former store. Hence, we can formulate the following hypothesis:
H3. The negative effect of the presence of in-app advertising or other revenue streams generated from third parties interested in app users on the price of paid apps depends on the distribution platform. In particular, such an effect is more likely to emerge in Google Play.
The role of the distribution platform in the introductory pricing policy
The choice of the introductory pricing policy for new products has been extensively studied in the marketing literature [42, 44, 52, 53] . When launching a new product firms can balance between two extreme pricing schemes, namely market skimming or market penetration [19, 42] . Under a skimming policy, firms initially set a high price targeting high-value customers. Then, as the product moves forward in its lifecycle, its price is gradually decreased to attract less valuable segments. In contrast, a penetration policy implies setting a low price at first to capture a large market base. Then, once a large market base is established, the price can be raised.
In the app market the existence of considerable word-of-mouth and other network effects among users should induce developers of many apps to leverage on a penetration policy to exploit the advantage of a large installed market base [20, 36, 51] . In this case, an app first released should have a lower price than a more mature app, ceteris paribus. That is, the price of the app should increase with the app age [52] . However, numerous successful apps have unique features that cannot be easily imitated or substituted. Furthermore, for many apps there may be users who are highly valuable. For instance, passionate gamers can certainly afford to purchase their preferred app right after the release at any price. In this case developers could prefer skimming this segment and later decrease the price to target less addicted users, due to the presence of high customer heterogeneity and product differentiation [19, 44, 53] . Under the circumstances, an app first released should instead have a higher price than an app already mature in the market, ceteris paribus. That is, the price of the app should decrease with the app age [52] .
The above considerations would suggest that in the app market both pricing schemes are equally plausible, thus yielding no univocal prediction on the relationship between the age of the paid app and its price. We suggest that the pattern of the price of new apps could be better understood after taking into account the role of the distribution platform. We argue that in Google Play there could be limited room for a price skimming policy. Since price skimming aims at capturing the high end of a market, it requires the existence of a group of highly valuable consumers who are willing to pay significantly more than the others for the product. This market segment could be relatively small or less developed in Google Play, where consumers generally tend to have lower willingness to pay as compared with those in the App Store. On the other hand, price penetration could be more impactful in this platform, as users who are in general less willing to pay (i.e., the vast majority in Google Play) would respond more favorably to lower initial prices, thus facilitating the establishment of an ample consumer base. The situation is different in the App Store. In this platform consumers are more willing to pay than those in Google Play (for instance, because they are wealthier and heavier users). Thus, it is possible for a considerable number of developers to benefit from skimming high-end segments first by charging them higher prices. At the same time, other developers could also succeed by using a penetration policy when their apps feature important network externalities. Accordingly, in Google Play developers should be more likely to implement a penetration policy rather than a skimming one. Thus, in this store we should observe that, ceteris paribus, younger paid apps are on average priced lower than more mature paid apps as prices gradually increase over time under a penetration price policy. Conversely, since both penetration and skimming schemes could work effectively in the App Store, it is difficult to predict the dominance of either policy. Hence, we simply formulate the following:
H4. Developers are more likely to use a price penetration policy in Google Play than in the App Store.
Data and methods

Data
To test the above hypotheses, we built an ad hoc dataset by collecting data of top (i.e., most downloaded) paid apps for smartphones in the Italian version of App Store and Google Play. We recorded data from the top paid app ranking publicly available in each of these platforms on a daily basis in the period going from March 7th to May 15th, 2013 (60 observation periods in total).
Top app rankings have been utilized by prior research analyzing the app market (e.g., [11, 24] ). Similarly to Carare [11] , we restricted our focus to the top 100 apps. There are several important reasons for why all studies consider top app rankings. First, these rankings are easily available from the app stores. Second, the insights obtained from studying successful apps, rather than average apps, can be certainly more useful to developers that are planning the development and marketing of new apps. Third and most important, although both App Store and Google Play count more than one million applications available for download, the actual number of apps that are displayed to consumers is much more limited. In both stores consumers have access only to web pages displaying top rankings (e.g., top free, top paid, top grossing) for all apps, top rankings within each app category or top new entries and sponsored apps. Essentially only the very top portion of the app market is actually visible to consumers. This implies that top rankings are arguably the primary source of information not only for researchers to study this novel market, but also for consumers to make their purchase decisions, as highlighted also by Carare [11] . Furthermore, besides their absolute relevance [41] , we naturally restrict to the top paid apps and avoid considering top free apps (i.e., the most downloaded free apps), as our focus is to understand the role of the distribution platform in price formation of paid apps. In this respect, we are consistent with previous econometric analyses on price formation, which considered non-zero prices [8] . Similarly, top grossing rankings were also excluded, given the presence of numerous free apps in this ranking. Finally, our choice of observing apps in a time span of about two months is in line with previous studies [11, 24] . After recording the top 100 paid apps from the two stores along the entire period of observation we obtained a rich dataset containing 11,999 observations related to 567 apps (402 apps in App Store and 165 app in Google Play, respectively), that have appeared at least once in the top paid ranking of one of the two stores during the observation period. 3 By construction, our sample is an unbalanced panel dataset as more successful apps appear in the rankings more often than others.
Variables
Dependent variable
Our theoretical arguments look at the relationship between prices of paid apps and the distribution platform, as well as the role of the distribution platform in influencing the price implications of three app-level decisions. Hence, our dependent variable is the logarithm of the daily price (in Euros) of each app featured in the top 100 paid apps rankings of the two platforms during our period of observation. The logarithmic transformation is common in pricing literature [60] [61] [62] .
Independent variables
Our H1a and H1b suggest that the distribution platform chosen for a paid app will influence its price. H1a suggests that the App Store will be associated with higher prices for paid apps than Google Play because consumers accessing the former store tend to be wealthier, more appaddicted and less tech-savvy, and thus they are on average more willing to pay for apps. In contrast, H1b predicts the opposite outcome because of the higher level of in-store competition among developers in the App Store as compared with Google Play. To test these predictions we first introduce a dummy variable, namely Store, which is equal to one if on a given day an app-store pair (i.e., an app in a given store) is observed in the top 100 paid app ranking of Google Play, zero if observed in the top 100 paid app ranking of App Store. Based on the sign of the reported coefficient on our dummy Store we can assess whether one of the two opposing effects we have theorized dominates the other, giving rise to significant differences in prices across stores. Therefore, our first set of hypotheses looks at the overall net effect of the distribution platform on the price of paid apps. However, besides providing evidence that prices of paid apps significantly differ between Apple and Google, we also provide further evidence to show that the differences captured by our dummy Store can be ascribed to the underlying forces we proposei.e., store-level willingness to pay and in-store developer competition. Specifically, with regard to the store-level competition, we first show that there exist significant differences in the level of in-store developer competition between the two platforms and then explicitly introduce a store-level developer competition variable in our models under the expectation that it should have a negative impact on prices. In this respect, we take advantage of the fact that in-store developer competition can vary over time because developers' entries (and exits) are very dynamic in this market and thus it is possible to measure the impact of changes in the level of developer competition on app prices.
With regard to the store-level willingness to pay, we note that such factor is very stable over time (especially as compared with app price), as it descends from strategic choices related to the type of market segments targeted by the associated device and/or OS providers. As a matter of fact, using secondary data on consumer willingness to pay for a larger time span (i.e., 2011-2014), we always observe a large and persistent gap in willingness to pay between Apple and Google users. Thus, any measure of store-level willingness to pay has almost zero variation in the sample and is extremely correlated with the dummy Store, thus making it difficult to discern its direct effect on prices from the overall net effect. Therefore, to isolate the direct effect of cross-store differences in consumer willingness to pay, we exploit the cross-sectional variation in the value of apps within each store, relying on the fact that, for information goods, price levels mostly reflect the consumer willingness to pay when the effect of other relevant factors (i.e., competition) becomes negligible [23, 51, 54] . Specifically, we consider the subsample of low value apps (defined as those belonging to the lowest price quartile within each of the two app rankings) to demonstrate that store-level consumer willingness to pay plays a role in driving cross-store differences in app prices, particularly favoring higher prices in the App Store. Indeed, for low value apps, cross-store differences in competition and the relative effect on the emergence of cross-store price differences should be considerably weakened, thus allowing a better disentanglement of the effect of cross-store differences in consumer willingness to pay. This is because, as compared with their "colleagues" in the App Store, developers in Google Play tend to concentrate more on commercializing low value (low price) apps, rather than high value (high price) apps, given that they can easily anticipate that, on average, Android users are more reluctant to pay high prices. As a consequence, while in general there exist high cross-store differences in developer competition (with the App Store displaying higher competition), when considering only low value apps the competition levels between the two stores tend to become closer. With a reduced role of cross-store differences in developer competition, our dummy Store should mostly capture the direct effect of the store-level consumer willingness to pay, if any, as this effect should emerge more strongly in this case, favoring higher prices in the App Store.
As discussed above, we use a measure of store-level competition in addition to the dummy Store. However, as the number of sales or downloads of each developer in a given store is not disclosed, we cannot compute measures of competition based on market shares. In addition, the vast majority of apps and developers are never displayed on the pages of the two stores. Therefore, it is not possible to retrieve timevarying information on the number of all developers in a platform and the number of their apps. In turn, this impedes the calculation of a Herfindahl-Hirschman Index (HHI) based on these data. To overcome this problem, we measure the extent of developer turnover in the top paid apps ranking of the store. In fact, it is straightforward that a larger turnover in the daily composition of top 100 ranking (in terms of developers) reflects fiercer competition among developers to increase download as well as higher intensity of new market entries. Note that this choice is consistent with a consolidated stream in the industrial organization literature using measures of firms' turnover in the market to reflect the level of competition [5, 12, 31] . To construct our measure of in-store competition (namely, Turnover) we compute the number of developers that never appeared in the top ranking of paid apps during our observation period over the seven days before the given day of observation. 4 It is important to note that our measure of competition is even more accurate than those that could be ideally computed based on the number of apps of all developers in the store (if it were possible to compute them precisely). This is because, with a multitude of apps "invisible" to consumers, the majority of developers of such apps are never a threat to developers of top apps, and a measure based on such information would not capture the real level of competition among developers. 5 To test our H2, which suggests that the positive impact of trialability on the price of a paid app is more likely to be associated with Google Play than with App Store, we retrieve information on the existence of a free trial version for the app from the descriptions provided by app developers in the given store, and introduce a dummy (Free trial version) indicating whether the developer offers a free trial version for the paid app or not, as well as its interaction with our Store dummy. 6 In our H3 we maintain that the effect of the presence of in-app advertising or other revenue streams generated from third parties interested in app users (e.g., info seekers) on price should be especially evident in Google Play given the lower willingness to pay of consumers accessing this store. To test this hypothesis, we analyzed each app to check for the presence of ads inside the app, as we had no access to revenue information from third parties, e.g. advertisers. In addition, we included all apps belonging to the social networking app category. This is because, as also suggested in their service provision policies, these apps (e.g., WhatsApp) can monetize from selling (non-personally identifiable) data of a large user base to interested third parties. Accordingly, we introduce a dummy variable (Ads & other revenue streams) equal to one if the given app contains ads inside and/or belongs to the social networking category, as well as its interaction with the dummy Store. To test our H4, which suggests that developers are more likely to adopt a penetration price policy in Google Play than in App Store, we followed the marketing literature examining penetration vs. skimming policies and recorded the release date of the app in the given store [52] . Similarly to previous studies, this allowed us to compute the time (number of days) since the app has been available for download in the given store (Time since release), i.e., the app age, and interact this variable with the dummy Store. Indeed, if developers in a store tend to adopt on average a penetration (skimming) policy, this measure should have a positive (negative) impact on prices indicating that, as apps move forward in their lifecycle, developers tend to increase (decrease) their price [52] . 7 Finally, in addition to the above variables of interest, we control for a number of other factors, which may influence app price formation. First, in addition to the store-level competition variable, we introduce a variable measuring competition at the app level in a given store. Indeed, different apps could have a different number of substitutes marketed by other developers in the given store. To compute this measure, we considered all the apps marketed by the developers observed in our sample. Based on this population, we computed for each app the number of (both paid and free) substitutes at a given time (Substitutes). Note that by doing so, we did not only consider the apps appearing in top 100 paid app rankings, but also those apps not appearing in the ranking, as long as they were developed and marketed by the developers present in our sample. This is consistent with our earlier argument that the major threats for an app likely come from developers that have been able to market their apps more successfully. To identify app substitutes accurately, we created 69 subcategories based on the real scope and functionalities of the given apps retrieved from the descriptions provided by developers. Also note that, by including free apps in computing the variable Substitutes, we explicitly capture the effect of the presence of free apps on the price of paid apps. We also control for the app category (we count 14 categories in our sample as indicated in Table 1 ), the type of developer (Developer type), i.e., whether the app provider is a firm or (group of) individual(s), the number of apps marketed by each observed developer in the given day and store (Number developer apps), and the app size in Megabyte (App size). We also control for whether in-app purchase (i.e., the opportunity to directly upgrade to additional features inside the app) is implemented for the given paid app, by introducing a dummy variable (In-app purchase). Furthermore, given that users can rate the apps they download, we recorded such information for each app to construct a measure of app quality. Both App Store and Google Play allow users to provide apps' rating on a 1-to-5 scale where 1 corresponds to the worst valuation and 5 to the best valuation. However, sometimes no rating is displayed for certain apps because the number of users who have provided a rating is too low. To cope with this issue, we construct four dummies based on the rating: low rated apps (Low app rating) category if the app rating is below 2.5, medium rated apps (Medium app rating) category if the app rating is between 2.5 and 3.5, high rated apps (High app rating) category if the app rating is above 3.5, and a category of apps displaying no rating (No app rating). 8 We also control for the extent of developer notoriety by including a dummy (Developer fame), which indicates whether the developer of the given app is worldwide established. 9 Table 1 shows the descriptive statistics of the variables employed in our study. On average, prices of paid apps in Google Play are considerably higher than those in the App Store (3.41 and 1.87, respectively), and both stores display significant within-store price variation. At the same time, observed competition levels are higher in the App Store than in Google Play both at the store level (the mean of the variable Turnover is 25 in the App Store and only 5.94 in Google Play) and at the app level (the mean of the variable Substitutes is 687 in the App Store and 349 in Google Play). These figures seem to suggest that the different levels of in-store competition between the two stores could play a significant role in determining cross-store differences in price of paid apps. As for our categorical variables, Table 1 clearly suggests that the top paid apps rankings of the two stores do not display the same composition in terms of apps. Thus, price differences across the two platforms might be due to the different apps featured in the rankings 4 In this respect, it is important to note that looking at the turnover over the past week helps mitigate a potential endogeneity problem due to reverse causality between observed prices and our store-level competition variable. Also, note that our results are robust even when considering the new entries of developer in the top 100 paid apps ranking during a different number of days (e.g., 5 or 10) before the given day of observation. 5 In spite of the mentioned weaknesses of using data on the number of developers and their apps, we found that our results are robust also when using a daily HHI obtained by computing the market shares as the number of apps (both paid and free) of each developer featured in the top paid ranking of the given store on the given day divided by the total number of apps of all the developers featured in the top paid ranking of the same store on the same day. 6 Note that we distinguish between proper free trial version, i.e., version offering very limited features or being time-locked, and free version, i.e. version that does not differ much from the paid version except for the presence of (more) ads. Therefore, we include a specific dummy (Free version) to control for the effect of the latter type of version, which is not related to trialability. 7 An important caveat related to testing our proposed interactions (i.e., H2-H4) is that our dummy Store embodies two store-level effects. Thus, although the distribution platform could influence the price implications of the developers' app-level decisions discussed in H2-H4, it might be argued such influence is due to differences in in-store developer competition rather than to consumer willingness to pay as we propose. In order to rule out this alternative explanation we also explicitly interacted these app-level decision variables with the Turnover variable. Our results showed that these interactions are never significant, and thus the difference in in-store developer competition is unlikely to be the driving forces behind H2-H4 (this analysis can be made available from the authors upon request). 8 Note that there might be endogeneity due to potential reverse causality between price and app rating. In the robustness section, with the support of instrumental variables (IV) regression, we show this is not the case in our sample. 9 Based on corporate revenue information and worldwide brand recognition we identify 22 top developers in our sample: Activision Blizzard, Adobe Systems, Apple, Autodesk, AVG Technologies, Capcom, De Agostini, Disney Interactive, Electronic Arts, Fox Digital Entertainment, Gameloft, Google, Konami, Mediaset, Namco Bandai, Research in Motion (Blackberry), Sega Sammy, Square Enix, Take-Two Interactive, TomTom International BV, Ubisoft Entertainment, Zynga.
rather than to the arguments we propose. We will carefully address this issue in the subsequent sections when discussing how matching similar apps across stores helps mitigate these potential biases. Table 2 reports the correlation matrix. First, note that the dummy Store and the storelevel measure of competition are highly correlated (Pearson correlation coefficient equal to − 0.92). At any rate, these two variables are not introduced at the same time in the regression analyses that follow. Also note that, in such analyses, we choose the dummy Games and Medium app rating as baselines for app category and app rating variables, respectively.
Methods
Our unbalanced panel dataset naturally displays a multi-level structure as each observation is related to the daily price of a given app, marketed by a given developer, in a given store. Hence, observations related to the same app in the given store, as well as those pertaining to same developer in the given store are likely to be correlated. Similarly, observations in the same store could be correlated as they are exposed to common store-level factors. Therefore, we propose a four-level model to analyze the role the distribution platform in price formation of paid apps. The first level is the observation (i.e., the app in the given store on a given day); the second level is the app-store pair (i.e., the app in the given store), the third level is the developer-store pair (i.e., the developer in the given store), the fourth level is the store. Essentially, as app stores can be viewed as different markets, we structure our dataset so that observations are nested within app-store pairs, which are nested in developer-store pairs, which in turn are nested within stores. In presence of such multi-level data structure, the use of mixed linear effects regression models is usually suggested in literature [47] . As we aim at shedding Pearson correlation coefficients are shown to be significant (at 5% level) when above 0.03 in absolute value. Note also that due to space constraints we do not report Pearson correlation coefficients related to category dummies. At any rate, with regard to independent variables the correlation coefficient between Games and Substitutes (equal to 0.70) is the only relevant correlation coefficient involving category dummies, but this does not affect our results as we choose Games as the baseline category. With regard to the correlation coefficients between our dependent variable Price and category dummies, they are all significant except that between Price and Education.
light explicitly on the role of the store (Apple vs. Google) in price formation of paid apps, we introduce the dummy Store, the relative interaction terms and control variables at both app and developer levels as fixed effects, while treating as random the effect of the app-store and developer-store pairs. Hence, our full linear mixed effects model is:
where, r ijs and u js are the app-store and developer-store specific random effects respectively, ε tijs is the error term, whereas the remaining terms are our variables of interests and controls modeled as fixed effects. An important concern in assessing the impact of the distribution platform on prices of paid apps is related to the fact that consumers and developers might self-select in any of the two stores based on motives unknown to us. As a result, apps observed in the top ranking of App Store could be systematically different from those observed for Google Play. This might generate significant selection bias, possibly invalidating our findings. In fact, as apps in our sample are not randomly assigned to the two platforms, cross-store differences in prices could be simply due to the different types of paid apps featured in the two stores, rather than to the driving forces we have theorized. Ideally, considering exactly the same apps in the two stores would arguably solve this issue. However, only 43 apps out of 567 apps are available in the top 100 paid apps rankings of both stores during the observation period, thus not allowing a reliable econometric analysis. Therefore, in order to mitigate this selection problem and ensure a comparison of relatively similar apps across stores, we apply the Propensity Score Matching (PSM) method [50] . To avoid the biases that nonrandom assignment to treatment may generate, matching algorithms are commonly used to find a non-treated unit that is similar to a participating unit across several dimensions.
We performed the matching based on a set of both categorical as well as integer/continuous variables, and considered observations in App Store as treated units, while those in Google Play as non-treated units. 10 We applied PSM within strata, by considering exact matching for app categories (which identifies the app functionalities) and app rating levels (a proxy for quality). For instance, we matched games having high rating in App Store only with games having the same rating in Google Play, and so forth. Within each of these strata, we applied the PSM and considered a set of integer/continuous covariates to further match treated and non-treated apps. We used the variable Time since release, as stores could feature apps of different maturity. Similarly, we considered the daily rank of the app to pair apps enjoying similar exposure to consumers in the two stores. After matching, our sample is reduced to 3520 observations of which half are from App Store and half from Google Play, due to the fact that we apply one-to-one matching. By construction, these matched samples have the very same composition in terms of app categories and rating level. Unreported t-tests and ANOVA analyses also confirm that matched apps in the two stores do not differ significantly in terms of age and ranking (covariates used for the matching), as well as in terms of app size. Hence, we are confident that the above matching helps mitigate potential biases in our sample arising from both consumers' and developers' self-selection in the two stores. Finally, note that for robustness purposes we created alternative matched samples by pairing apps also based on additional covariates, 11 and implemented alternative matching procedures such as coarsened exact matching. These additional analyses are fully consistent with those reported in the paper, and are available from the authors upon request.
Results and discussion
Descriptive statistics in Table 1 show that on average paid apps have higher prices in Google Play than in the App Store (3.41 versus 1.87). This difference seems inconsistent with the intuitive direct effect of store-level consumer willingness to pay, which should favor higher prices for paid apps in the App Store. Still, this does not guarantee that the lower prices in the App Store are the result of the fiercer developer competition in this store. In fact, differences in mean prices might still be driven by the different app composition in the top paid apps rankings resulting from the choices of consumers and developers that self-select in the two platforms. We have pointed out that matching apps according to their basic features should reduce (if not eliminate) such potential biases. Thus, before presenting our more formal regression models based on (1), we provide some preliminary evidence of the effect of our matching procedure on our dependent variable, i.e., the app price. T-test results reported in Table 3 show that significant differences (0.1% level of significance) between the average prices of the two stores emerge even when comparing matched pair of similar apps, although the magnitude of this difference is considerably reduced (from 1.54 to 0.53). 12 Therefore, price differences across the two stores cannot be explained exclusively by different app composition of the two stores. Table 3 also reports the cross-store difference in the means of our two competition measures at both store and app-store levels, i.e., Turnover and Substitutes, respectively. The results clearly show that, even after matching similar apps, the two platforms differ significantly in terms of competition with the App Store displaying considerably higher competition. Overall, this preliminary analysis provides first support to our general argument that the distribution platform could influence price formation of paid apps and that the two major app distribution platforms differ in terms of in-store developer competition.
To test our hypotheses more formally we conduct a number of regression models based on the mixed linear model presented in Eq. (1) . Given the potential presence of selection bias in the full sample, we run these models for the matched sample and report the results in Table 4 (the results under the full sample are qualitatively unchanged and available from the authors). With regard to our contrasting hypotheses (H1a and H1b), the first column of Table 4 shows that Google Play is associated with higher prices than App Store due to the positive (and significant) coefficient of the dummy Store (δ 1 = 0.232 and p b 0.001). First, this finding confirms that price levels of paid apps depend on the store where apps are marketed. Second, it provides support to H1b against H1a. According to our arguments, this would suggest that the effect of the lower in-store competition in Google Play prevails over the opposing effect of the lower consumer willingness to pay in this store, thus leading to higher prices in this platform than in the App 10 We imposed a common support (overlap condition) with no-replacement by removing treatment observations for which the propensity score was higher than the maximum or less than the minimum of the score of non-treatment observations. We also used the caliper options to select one and only one non-treated unit for each treated unit only when the propensity score difference was at most 0.001 (i.e., caliper set equal to 0.001). 11 For our main analyses we did not consider the variable App size as one of the features utilized for the matching, because the app size differ across the two stores, even for the very same apps. To give the idea, the size of TomTom Italy navigator is 404 Mbyte in App Store, whereas it is only about 29 Mbyte in Google Play. Therefore, using the size might actually distort our matching algorithm to the extent that it would not even pair the very same apps. At any rate, as we will discuss later, we created several matched samples based also on the variable App size as well as other covariates, such as Free trial version, In-app purchase, and Ads & other revenue streams, showing full robustness of our results. 12 It is noteworthy that the same result is obtained when the t-test is performed using the sub-sample of 43 apps that are present in both stores. Indeed, even with the very same top paid apps, prices in Google Play are on average higher than those in the App Store at the level of confidence of 0.36% (t = −2.6889). In spite of the weaknesses entailed by using such a small sub-sample, this result increases our confidence that our PSM approach and the resulting findings on price comparison are fully robust.
Store. To increase confidence about this interpretation, we substitute the dummy Store with our competition measure at the store level, namely Turnover. The second column of Table 4 shows that the coefficient of this variable is negative and strongly significant, substantially capturing the impact of the dummy Store. This result coupled with the highly significant gap in competition between the two platforms (shown in Table 3 ) provides strong support to the argument that the level of in-store competition is the major driving force behind the overall net effect of the distribution platform on prices, thus leading to higher prices in Google Play for paid apps.
Although results in the first two columns support H1b, we provide evidence that these findings emerge from a tension between the effects of the different willingness to pay of consumers in the two stores and the different in-store competition. Indeed, in columns 3-4 we show that, while in-store competition seems to explain overall price differences across stores, the differences in consumer willingness to pay (as implied by different income levels, frequency of usage and technology consciousness across stores) do actually have a direct impact on price levels of paid apps. As explained earlier, we take advantage of the cross-sectional variation in the app value in each store and demonstrate that the storelevel willingness to pay is at work in determining cross-store differences in app prices by focusing on a sample of low-value paid apps (those in the lowest price quartile within each of the two app rankings). In presence of low value (low price) paid apps, cross-store differences in developer competition should be considerably reduced, thus yielding a limited impact on cross-store price differences. The reason is that developers in Google Play (as compared with those in the App Store) tend to concentrate more on commercializing low value (low price) apps, rather than highly valuable (high price) apps, given that they can easily anticipate that, on average, Android users are more reluctant to pay high prices. This implies that when considering low value apps the competition levels between the two stores become similar. In fact, our data show that, while the average number of app substitutes in Google is roughly only 50% of that observed in Apple in the full sample, this difference significantly shrinks for the subsample of low-end apps, for which the number of substitutes in Google is almost 88% of that in Apple. Yet, while competition levels become more similar, there may still persist differences in terms of willingness to pay of consumers accessing the different platforms. Indeed, even for a low-end app, Apple users should be willing to pay more given that they are on average more affluent and heavier users. Legend: + p b 0.10, * p b 0.05, ** p b 0.01, *** p b 0.001. Standard errors in parentheses. Note that the constant and the app-store and developer-store pair random effects are always strongly significant. Also, no app rating and low rating dummies are not reported as they display no observations in the matched sample.
Thus, if the role of the distribution platform actually emerges from the trade-off between these two factors, the positive impact of the dummy Store should be mitigated in this subsample of apps or eventually revert as this dummy should mostly capture the direct effect of the store-level consumer willingness to pay in this case. Results in column 3 confirm this as the coefficient of the dummy Store becomes significant and negative when we run our mixed model for the subsample of low valuable apps. This implies higher prices in the App Store in this case as the cross-store differences in consumer willingness to pay would predict. The marginal role of competition in presence of low valuable apps is confirmed by observing that our measures of competition at the app level and store level (i.e., Turnover and Substitutes) are never significant in columns 3-4. Thus, in the case of low-end apps price differences across the two platforms seem to be more ascribable to different store-level consumer willingness to pay than to different in-store developer competition. This set of evidences demonstrates that the impact of the distribution platform on app prices emerges as the result of a trade-off between the effect of differences in consumer willingness to pay and the differences in in-store competition.
Columns 5-8 of Table 4 report the results for our second set of hypotheses predicting how the distribution platform influences the role of some important developers' decisions at the app level in price formation of paid apps. Specifically, in the fifth column, we add the interaction term between the dummy Store and the dummy Free trial version to the model in column 1. First, note that in column 1 the coefficient of the dummy Free trial version was not significant, suggesting that on average trialability does not imply any price premium for the full paid version. After introducing the interaction term, the coefficient of this dummy, which now reflects the marginal change in price due to trialability in the App Store, is still not significant. However, the coefficient of the interaction term, which instead reflects the marginal change in price in Google Play due to trialability, is largely significant (at the 1% level) with a positive sign (δ 3 = 0.305), thus supporting our H2, which suggests that the impact of a free trial version on the price of the full paid version is more likely to be associated with Google Play. As we have argued, consumers in Google Play perceive higher risks in buying an app of unknown value than consumers in the App Store due to their lower willingness to pay. Thus, they seem to be willing to recognize a price premium to developers offering a free trial version to resolve the uncertainty surrounding the value of the paid version.
In the sixth column we add the interaction term between the dummy Store and the dummy Ads & other revenue streams to our baseline model shown in column 1 (where the latter variable was not significant). We find that the coefficients of the latter dummy and its interaction term with the distribution platform are both not significant. Therefore, H3 is not confirmed in our sample, and apps generating revenue from third parties interested in app users (e.g., advertisers) do not seem to be associated with significantly different prices across the two platforms.
In the seventh column we add the interaction term between the dummy Store and the variable Time since release to the baseline model in column 1. The coefficient of this variable was shown to be strongly significant with a positive sign in column 1, which suggested that, on average, developers increase prices as apps move forward in their lifecycle, consistent with the adoption of a penetration price policy. However, after adding the interaction term, the coefficient on the variable Time since release, which now reflects the marginal change in price in the App Store due to an increase in the app age, is no longer significant. Conversely, the interaction of this variable with the dummy Store, which now reflects the marginal change in price in Google Play due to an increase in the age of the app, is significant with a positive sign (δ 7 = 0.0004 and p b 0.001). This result supports H4, by showing that price penetration is more impactful in Google Play than in App Store, arguably because the segment of consumers characterized by high willingness to pay could be relatively less developed in the former platform to allow the adoption of price skimming scheme. The last column of Table 4 reports our full model including all three interaction terms and shows full consistency with the results in the previous models.
At this point, it is important to recall that the results in Table 4 are based on a subsample obtained by matching apps according their basic characteristics. Therefore, one could argue that the results on the interactions between the distribution platform and app-level decisions might be still biased by the fact the two rankings display different composition in terms of percentage of free trial version, app embedding ads, and so forth. Nevertheless, even after refining our matching procedure by exactly matching also for all app-level decisions variables (e.g., observations of apps offering a free trial version in App Store matched only with observations of apps offering free trial version in Google Play, and so forth), our findings remain unchanged in spite of a considerable reduction in the number of observations (from 3520 to 1520). 13 
Robustness checks and further discussion
In this section, we briefly discuss the results of additional analyses we conducted to test the robustness of our findings. The details of all the following robustness checks are available from the authors. First, our results are qualitatively unchanged when eliminating those apps featured in the top paid app ranking sporadically (e.g., less than three or four occurrences) to ensure comparison among apps of similar success. Our second extension addresses potential endogeneity concerns related to time-varying app characteristics. Specifically, while in the models above we control for unobserved app quality by means of app rating, we do not control for the potential effect of mobile app trend due to advertising or online word-of-mouth. As we do not have access to explicit information about the advertising expenditures or the extent of word-of-mouth, we use a proxy that reflects the mobile app trend over time. Specifically, we use the tool Google Trend provided by Google, which provides a weekly index on a 0-100 scale of search popularity of words on Google search engine in specific geographical regions. We recorded such weekly index during our period of observation by searching the exact name of all the apps in our sample. Given the popularity of Google search engine, this measure reflects the trend of an app in a given period, as a higher index is the result of greater knowledge and interest about the product, which, in turn, is likely to be the consequence of more effective advertising and online word-ofmouth over time. While being not significant, this new variable does not change our main results. Our findings are also robust when we include one dummy for each day of observation to account for the effect of trends common to both app stores and all observed apps.
Finally, endogeneity concerns might emerge also from reverse causality in the relationship between price and app rating. Indeed, the rating of an app might be affected by the price of the same app as a higher price might create higher expectations of consumers, who will be more likely to complain about product flaws and provide lower ratings to the given app. To address this concern, we perform instrumental variables (IV) regression models, where we use, as instruments for the app-level rating, the above weekly popularity index, which has been shown not to influence the price at all, and more importantly, the average rating of all the apps (except the considered app) marketed by the developer in the given store until the given day. We refer to the latter measure as the developer rating. However, it is important to note that app stores do not compute and display any developer rating to consumers, they only display app ratings. The app rating is the official mechanism provided by app stores through which consumers can express their level of satisfaction upon using an app, and thus the mechanism through which app quality can be publicized in order to increase consumers' trust. As such, it is the app rating (and not our ad-hoc measure of developer rating) that can potentially have direct influence on consumers' willingness to pay and in turn the app price. Indeed, the fact that no developer rating is displayed to consumers considerably reduces the chances that our measure will have a direct effect on prices [39] , thus making it a suitable instrument. The impact of our measure on price, if any, will only be indirect, i.e., via the app rating. The rationale is that a developer who has historically marketed apps capable of generating a high level of user satisfaction (i.e., highly rated apps) apps is more likely to commercialize an app capable meeting the favor of users (i.e., a highly rated app) than a developer that has historically marketed poorly rated apps. Indeed, the fact that a developer has received higher ratings than other developers for all other marketed apps suggests that this developer possesses better capabilities to commercialize apps that fit customers' needs than developers who are received lower ratings. The impact of our measure of developer rating on app rating is indeed shown to be strongly significant (about 1% level of significance) from our first stage IV regression. More importantly, as both exogeneity test and the Sargan-Hansen overidentification test (which evaluates the statistical validity of instruments) are insignificant, we can be confident that our findings are not affected by potential endogeneity concerns due to the app rating variable. At any rate, the findings are robust even under the IV regression model.
Conclusions
In this paper, we have contributed to the literature on price formation in online markets by examining the unique role of online distribution platform, specifically App Store vs. Google Play, in price formation of paid apps. We have argued that differences in price levels across different stores emerge as a result of the different consumer segments and market conditions facing developers in different app stores.
In detail our findings are as follows. First, price levels of paid apps strongly depend on the targeted distribution platform, and specifically Google Play is associated with higher prices on average than App Store for paid apps. The platform effect emerges as a result of contrasting factors. On the one hand, the higher consumer willingness to pay in the App Store, as implied by their higher income and frequency of usage and lower technology consciousness, plays in favor of higher prices for paid apps in this store. On the other hand, the lower competition in Google Play, as implied by the lower willingness to pay of its customers and by the higher customization costs in this store, pushes in the opposite direction. Our findings suggest that in general differences in developer competition at the store level seem to be more influential in determining different prices across the two stores than differences in average consumer willingness to pay. Further confirming the existence of a trade-off, we find that price differences across stores are actually reversed for the restricted subsample of low value apps. Second, our findings suggest that the distribution platform heavily impacts on the price implications of two important app-level decisions made by developers. Specifically, we find that price premiums on the full paid version of the app as a return to the provision of a free trial version are more likely to be observed in Google Play, where consumers are more likely to suffer from product value uncertainty given their more limited willingness to pay. Also, the distribution platform appears to be important for the introductory pricing policy used when launching new apps. In this respect, we find developers are more likely to use a penetration price policy in Google Play, whereas they possibly use both penetration price and price skimming strategies in App Store. The rationale is that the segment of highly valuable consumers could be relatively less developed in Google Play to favor the adoption of a price skimming scheme. Finally, no evidence supports the claim that the decision to monetize from third parties interested in app users (e.g., advertisers) should yield a larger price reduction in Google Play than in App Store as a result of the lower willingness to pay of consumers accessing the former store.
These findings offer several remarkable implications for more informed decisions in the app market. A primary implication of our findings is that app developers need to fine-tune their pricing decisions to the targeted store, as different platforms imply different types of consumers, different app customization costs, and ultimately also different levels of developer competition. Also, they need to take into account the role of the distribution platform when making app-level decisions, especially those related to free trial version release and introductory price for new apps. Indeed, the price implications of such decisions depend on the distribution platform. Finally, our findings help increase distribution platform owners' awareness on the role of store-level factors in price formation and rethink their strategies to attract both users and developers.
We expect that many researchers will devote themselves to the study of the app market given its growing popularity. Accordingly, we believe that there is large room for further investigating the role of the distribution platform. For instance, the same questions posed in this paper could be addressed by using a modeling approach. Also, to complement our empirical study, it would be interesting to investigate whether developer choices related to app characteristics are influenced by the store choice, thus going beyond their mere price implication as done here. Further research could also examine the factors guiding developers in the choice of the platform when launching a new app. Specifically, this direction could provide answers to questions such as whether to launch the new app only in one store, which store to target first, whether to make simultaneous entry, and the relative rationale and performance implications of such choices.
